In this paper, we estimate the risk spillovers among 74 U.S. REITs using the statedependent sensitivity value-at-risk (SDSVaR) approach. This methodology allows for the quantification of the spillover size as a function of a company's financial condition (tranquil, normal, and volatile REIT prices). We show that the size of risk spillovers is more than twice as large when REITs are in financial distress and find evidence for the impact of geographical proximity: REITs that have their properties located in close distance to the properties of other REITs show risk spillovers that are on average 33% higher than REITs that have similar properties but at a larger distance. We estimate the risk gradient to decrease nonlinearly and to have zero slope for property distances of more than 250 miles. Our empirical findings provide first empirical evidence on the transmission of risk spillovers from underlying real positions to the securitized level of a company.
Introduction
Risk managers in the real estate industry during the 2007-09 financial crisis were confronted with unanticipated risk spillovers among real and financial assets of unprecedented scale. In this paper, we propose a state-dependent sensitivity value-at-risk (SDSVaR) for quantifying risk spillovers among 74 U.S. Real Estate Investment Trusts (REITs). We explicitly account for the financial condition of a company during shock exposure. We show that size and persistence of these spillovers differ significantly for tranquil, normal, and volatile periods of real estate stock prices. Thereby, we are able to identify the direction of spillover effects from one REIT to another. In contrast to other publicly traded companies, REITs share a distinct spatial component in their fundamental value that impacts risk spillovers. We explicitly account for these spatial characteristics of REITs' property holdings. Due to their particular legal constraints and their straightforward business operations REITs provide, compared to industry companies, an interesting laboratory to test how spatial proximity in the underlying properties increase risk spillovers on the stock level.
1 In addition to geographic distance, we identify a number of financial characteristics that increase the exposure of REITs to risk spillovers from other REITs. In particular, we show that high leverage, size, and market beta substantially increase the vulnerability to risk in other REITs, increasing the probability of contagion during a financial crisis.
1 REITs generate almost their entire income from selling, managing, and owning real estate whereas the company value of many other firms is more related to human capital or to products that are movable and hence do not exhibit a certain geographical characteristic. In contrast, the value of a REIT is closely linked to the value of its properties and is much easier to measure than the fundamental value of industrial firms. The underlying properties of REITs can be valued almost precisely by appraisers based on the information such as property's income, age, quality, size, location, as well as transactions in comparable properties in neighboring regions and the recent past (Patel, Pereira, and Zavodov, 2009 ).
A number of recent studies have investigated time-varying correlations among securitized real estate investment companies, in particular REITs. 2 These studies generally verify two stylized facts that have been already documented in the stock market literature: (i) correlations among equity markets vary considerably through time and (ii) stock market correlations increase in periods of high volatility (e.g., Bailey and Stulz, 1990; Bekaert, Harvey, and Ng, 2005; Solnik, Boucrelle, and Le Fur, 1996; Goetzmann, Li, and Rouwenhorst, 2005) . These findings have important implications for the diversification potential of REITs in a traditional stocks and bonds portfolio. In the present study we contribute to this literature in three important ways.
First, our focus is on risk spillovers rather than return correlations. This shift in perspective from diversification to risk management comes with a subtle but important change in the way our results can be interpreted. In contrast to time-varying correlation models that simply measure the non-directional co-movement between assets, our spillover estimates not only quantify the size but also the direction of the spillover. We thereby control for other relevant factors such as general market movements in order to give our results a causal interpretation.
Second, we account for an important lesson of the 2007-09 financial crisis: the size of risk spillovers depends significantly on the market state or financial condition of a firm (see, e.g., Adrian and Brunnermeier, 2011; Brownlees and Engle, 2011; Acharya et al., 2010) . 3 For measuring risk spillovers this has the important consequence that the traditional ordinary least squares methodology that measures the average response in the dependent variable for a one 2 Securitized real estate investment companies mainly consist of REITs, but also include listed property stocks and real estate operating companies (REOCs). In this study we will, however, focus on REITs only.
3 A few studies have investigated this asymmetry in spillover behavior even before the 2007-09 financial crisis. For instance, Bae, Karolyi, and Stulz (2003) emphasized as early as 2003 that "large negative returns are contagious in a way that small negative returns are not." unit change in the independent variable is no longer valid because risk spillovers do not occur on average but only during times of financial distress. We address this issue in a statedependent sensitivity value-at-risk (SDSVaR) model that allows us to discriminate between various conditions of financial health of a firm. We thereby model the risk spillovers for different quantiles of a REIT's risk distribution directly rather than splitting the data in two or more samples. This has the advantage of retaining the full sample size while addressing risk spillovers in the tails of the distribution. We find risk spillovers to increase substantially when the stock prices of the REIT that is exposed to a shock are in a volatile state.
Third, we incorporate a crucial feature that distinguishes REITs from other publicly listed companies: The spatial aspect of the properties owned by the REIT. We show that the extent to which a REIT is exposed to risk spillovers is mainly determined by geographic distance. REITs that have their properties located in close distance to the properties of other REITs show risk spillovers that are on average 33% higher than REITs that have similar properties but at a larger distance. As we increase geographic distance, risk spillovers fall quickly and remain at a lower level for all property distances of more than 250 miles. Our empirical findings concerning the impact of distance suggest that the effectiveness of geographic diversification may be lower than previously thought. Individually, REITs may appear geographically diversified, but in aggregate, they may be highly exposed to risk spillovers from other REITs that have their properties located in the same regions. More importantly, this type of interdependency among REIT returns is not detected by the usual sample correlations which is a measure of the average relationship between returns. In contrast, risk spillovers are a phenomenon that only occurs during a financial crisis. Thus, a REIT portfolio that is guided by the usual correlation matrix will fail to reveal the full extent of risk in real estate investment trusts.
The direction of the paper is as follows. In the next section we present a brief overview of the literature that has investigated spillovers in real estate markets. In section 3 we discuss theoretical motivations for the transmission mechanism of shocks and the role of geographical distance. In section 4 we present a model of risk spillovers among single REITs, thereby controlling for a number of variables that affect all REITs in a similar way. This allows for a disentanglement of spillovers from more general co-movements and gives our spillover estimates a causal interpretation. Section 5 investigates a number of financial variables that affect the size of risk spillovers and presents counterfactual results using impulse response functions. The final section contains the conclusion.
Literature Review
The literature on spillover effects in real estate markets can be broadely divided into two main categories. One group of papers investigates spillovers using high frequency timeseries data and often has a focus on the methodological aspect of spillovers. Another group of work explores spillovers on a more fundamental economic level with a focus on the spatial propagation of shocks. Prominent examples of the first category are for instance Chen and Liow (2006) who investigate the transmission of volatility among the major REIT markets and find that volatility spillovers are more pronounced within Asian economies. Cotter and Stevenson (2006) investigate risk spillovers among daily returns of equity, mortgage, and hybrid REITs but find little evidence for the existence of spillovers. Elyasiani, Mansur, and Wetmore (2008) find shocks to REIT volatility to spill over to the market of other financial institutions such as savings and loan associations as well as life insurance institutions. Hoesli and Reka (2011) focus on the methodological aspect of spillovers and present a time-varying copula framework that is explicitly designed to measure the dynamics between the tails of REIT returns. In this paper, we model spillover effects in a way that is similar to the above mentioned literature, but with the additional aim of being able to interpret risk spillovers in a causal way. When modeling risk spillovers, our approach also distinguishes between different levels of volatility. In the general finance literature this aspect has been shown to be of major importance (Adrian and Brunnermeier, 2011; Brownlees and Engle, 2011; Adams, Füss, and Gropp, 2013) .
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The second group of papers concentrates on the spatial propagation of economic shocks to neighboring regions. The spatial distance that is investigated can range from a few hundred meters for direct neighborhood effects to longer distance neighboring cities or MSAs. For instance, Harding, Rosenblatt, and Yao (2009) show that the negative externality associated with deferred maintenance and neglect of a foreclosed property can lower house prices by 1%
per nearby foreclosed property. In these types of studies the transmission mechanism of a foreclosed property is largely visual. 5 The long-range propagation of spillovers has been investigated by a number of studies with Meen (1999) being one of the earlier and perhaps most relevant papers. Meen (1999) concludes that the national housing market can be described by a series of interlinked local markets. 6 In his paper, he explains the observed linkages by investor behavior, consumer behavior, and interlinked economic bases. Higher house prices in one region create incentives for investors to buy homes in nearby regions that 4 In the real estate literature, more recent studies have also acknowledge the large impact that varying economic conditions can have on risk spillovers. Miao, Ramchander, and Simpson (2011) 5 See also Ioannides (2003) , Immergluck and Smith (2006), and Lin, Rosenblatt, and for important findings concerning spillovers in the immediate neighbourhood.
6 Although most studies use data for single family houses (see, e.g., Cromwell,1992 and Pollakowski and Ray,1997 for the U.S. market and MacDonald and Taylor, 1993 and Alexander and Barrow, 1994 for the U.K. market) the spatial aspect extends directly to all property types.
did not experience this house price increase. 7 This would result in spillovers and diffusion of the initial house price increase. Furthermore, house prices in two regions are linked if lower prices in one region attract more migration flows than the other region. In a study for the U.K. housing market, however, Meen (1999) reports that migration flows are weak and points to empirical work showing that migration flows are not much influenced by regional house price differences (Gordon, 1990) . Finally, even if housing markets are not directly linked there may be underlying local characteristics such as employment and income levels that may themselves be linked interregionally leading to dependencies in housing markets across regions. This effect is the focus in a U.S. study of Coulson, Liu, and Villupuram (2010) who show that local employment and house prices are significantly driven by certain locally concentrated industries. For instance, the automobile industry is relevant for house price changes in Detroit while high technology plays a crucial role for the economic bases of Seattle and San Jose. Other studies that focus on the link between local economic bases and housing prices are Abraham and Hendershott (1996) , Malpezzi (1999) , and, more recently, Zhu, Füss, and Rottke (2011) .
Since the basic model of spatial equilibrium in urban economics predicts that owneroccupied housing and income-producing properties are driven by common fundamental demand and supply sources (see, e.g., Rosen, 1979; Roback, 1982; Glaeser, Gyourko, and Saiz, 2008) , we can assume that similar linkages exist for commercial real estate (see also Gyourko, 2009 ). In our paper, we contribute to the existing literature on the spatial propagation of shocks by estimating an explicit functional form for the relationship between risk spillovers and geographic distance. The slope of this risk gradient is an estimate of the impact of local economic shocks on REITs in neighboring regions. The standard approach in 7 Rising house prices also create concurrent wealth effects for existing homeowners, again generating incentives to invest in the housing market of the lower priced region (Miao, Ramchander, and Simpson, 2011) .
the literature would be to use monthly or quarterly data on house price changes in different regions. However, the low frequency of that data would prevent us from modeling the distribution tails and hence the risk spllovers during crisis periods. In contrast, the approach in our paper is to combine the advantages that come with the abundance of high frequency daily data with the spatial information concerning the properties owned by REITs in order to estimate the link between geographic distance and risk spillovers.
The Mechanism of Risk Transmission from Direct to Securitized Real Estate
In this section we investigate possible risk transmission mechanisms as an attempt to explain empirically observed differences in some REITs' responses to exogeneous shocks.
We use the insights from this section to form expectations concerning the empirical results of this paper. Due to their straightforward nature of operations, REITs provide an excellent laboratory to analyze how specific fundamental information is incorporated into stock prices, and how shocks in the fundamental value transmit to the securitized level. We argue that the specific response of a REITs VaR depends on (1) the type of the exogeneous shock (pure stock market shock versus local economic shock) and (2) the degree to which a REIT is vulnerable or exposed to risk in other REITs.
We distinguish between two different types of shocks that lead to risk spillovers among the stock prices of REITs. One type of shock is based on the underlying economic fundamentals affecting REITs and their property holdings, the other type reflects pure stock market linkages which can exist independently of changes in the underlying economic variables. When measuring spillovers, the challenge during the estimation step is to control for simple co-movements. Co-movements are situations in which REITs respond to a common economic or financial shock. For instance, changes in the interest rate--or expectations thereof--or changes in economic activity that take place on the national level induce responses from all REITs. The main disadvantage of co-movements is that we cannot measure the contagion character of risk among REITs as it is unclear how the risk in one REIT is responding to the risk in another REIT. In this study, we therefore concentrate on risk spillovers, which are situations in which higher risk in one REIT is actually causing higher risk in another REIT. In other words, we have a source of risk and a receiver of risk which allows for the estimation of risk transmission and hence for the systemic character of risk. Distinguishing co-movements from spillovers is challenging in practice and we have devoted substantial effort to the process of selecting the right control variables to achieve this goal Risk spillovers from changes in underlying economic factors are therefore likely to come from local economic shocks that propagate to neighboring regions rather than national economic shocks. For instance, an adverse shock in a concentrated industry like the automobile industry in Detroit is particularly relevant for REITs that own properties in that region. When the information on the regional economic shock diffuses into the market, investors will anticipate the future layoffs in the service sector as well as losses in rental income from residential properties. Selling pressure on stocks of office and residential REITs will then be triggered by spillover effects from industrial and retail REITs. This is because income-producing residential stock constitutes denser multifamily houses which are more likely to be located in the central city of a metropolitan area. To revisit the example from above, the closing of a car factory and the subsequent drop in purchasing power from layoffs in the supporting industry will have a direct effect on industrial and retail REITs. Over time, some workers will relocate to other regions for a new job thereby increasing the supply of vacant residential properties. This will lead to sectoral spillovers from one type of REIT to another.
A second example for spillovers due to a local economic shock would be a regional spillover. A drop in residential property values in the immediate area of the local economic shock dissipates to other nearby adjacent regions. In both cases however, the sectoral and the regional spillover constitute a propagation of risk from one REIT to another, similar to lending relationships between mutual portfolio holdings among financial institutions (Brunnermeier and Pedersen, 2009 ).
We should expect most risk spillovers to have their source in underlying economic changes. However, it could also happen that shocks are propagated purely via financial market linkages. This type of spillover may be uncoupled from economic fundamentals and corresponds to the observation that short-run price movements of REITs are closely aligned with the general stock market (Glascock, Lu, and So, 2000) . Our empirical approach therefore also demands for the inclusion of variables that can capture the linkages of REITs with the stock market. A discussion of our variables follows in the data section below.
Other important variables that can increase the exposure of REITs to risk spillovers are the balance sheet characteristics of the REITs themselves. For instance, the profitability of a highly leveraged REIT is more sensitive to bad news such as lower than expected net operating income. Such a REIT may be therefore more susceptible to shocks from another REIT. By the same argument, the financial health of a REIT is likely to be an important factor. Consider a REIT that is under pressure from rapidly declining equity as a consequence of a series of failing property investments. This state of financial distress is reflected in highly volatile stock prices. In other words, the REIT has depleted its capital buffer to absorb any shocks and is highly vulnerable to any bad news. Under these circumstances, a shock in one REIT is likely to have a much higher impact on the distressed REIT than the same shock under normal or tranquil circumstances.
We summarize our arguments on how local proximity of property holdings and REIT characteristics affect risk spillovers among REITs in Figure shows how the individual risk channels add up to the observed spillovers among REITs and highlights the special role of distance as an indicator whether two REITs are exposed to the same or similar local economic shocks. Furthermore, we expect risk spillovers to shift upwards if the shock receiving REIT has above average leverage. Risk increasing characteristics accumulate. For instance, the risk spillovers are further increased if in addition to higher leverage, the shock receiving REIT is in a state of financial distress. From Figure 1 we draw two conclusions for this section: We expect risk spillovers to be higher for REITs that own properties in similar regions. However, we also expect to find positive spillovers between REITs without significant spatial linkages but with certain balance sheet and financial health characteristics which favour higher risk spillovers. The degree to which this is the case is an empirical question and will be answered in the following sections.
<<< Figure 1 about here >>>

Data
In the previous section we have discussed the transmission channels of risk. We also highlighted the importance of separating spillovers from mere co-movements. While the first point indicates a number of variables that may be important in explaining differences in risk spillovers, the second point hints at important control variables. The empirical part in this paper is divided in a section that focuses in "risk spillover measurement", and another that focuses on "risk spillover explanation". Each part serves a different purpose and is based on slightly different data and methodology. For instance, the measurement of risk spillovers is based on time-series of daily traded stock prices of REITs. The explanation of risk spillovers, in contrast, is based on a cross-section of REIT characteristics. We will therefore present the data in different subsections.
Data for the Time-Series Model
We retrieved the information regarding the property holdings of REITs from SNL financial at the beginning of 2011. At that time there was information on 158 REITs available 8 . We subsequently had to remove a number of REITs for one of the following reasons:
 No information regarding property holdings was available.
 The REIT had an insufficient return history.
 The location of the properties was incorrect.
 The time-series of REIT returns showed infrequent trading. REITs that would differ in any systematic way from our existing 74 companies. In the timeseries approach we also use a number of control variables that serve to distinguish spillovers from co-movements. These are daily data on the general U.S. REIT index from S&P, the Russell 2000 small cap stock index, and an indicator of economic activity. The economic activity variable is measured in monthly frequency for all U.S. states.
Data for the Cross-Sectional Model
In the cross-sectional model, the dependent variable is constructed from output of the time-series model. In particular, the dependent variable is the risk spillovers estimates to be discussed in the next section. REITs are subject to certain property-selling restrictions that are required in order to maintain their tax-exempt status. For instance, REITs must hold acquired properties for a minimum period of four years. Furthermore, they are not allowed to sell more than 10% of their net asset base within a given tax year (see, e.g., Mühlhofer, 2011) . Empirical studies on the actual holding periods of commercial property in the U.S. find an average holding period of 11 years (Fisher and Young, 2000) . In a study for the U.K. market, Collett, Lizieri, and Ward (2003) find that this average is higher during market downturns when returns are lowest and disposition of a property would result in a loss for the investor. This effect is 9 The use of estimated as opposed to actually observed spillovers in the cross-sectional setting does not cause an estimation problem because the estimated price series assumes the role of the dependent variable in our cross-section model rather than that of an independent variable. That means we are adding a measurement-inerror problem to the left side of the second stage regression rather than to the right side. As is well-known, dependent variables measured with error do not cause a fundamental estimation issue because the measurement error is captured in the usual regression error term.
further amplified by restricted access to financing, lower liquidity, and hence higher transaction costs increasing holding periods even further. This provides support for a necessary assumption in the empirical section of our paper: we assume property holdings to remain constant during our period of investigation (2007 - 
Property type:
In a recent study, Chiang (2010) shows that price co-movements among REITs within the same property type have increased over time. If the prices of some property types are more sensitive to changes in economic conditions than others risk spillovers among specialized REITs are likely to differ as well. 10 Chiang argues that the information openness due to high institutional participation, low insider ownership, and large market capitalization supports the price discovery process of property-type information and the pricing on firm level. Capozza and Seguin (1999) show that REITs with a strong sector focus are less complex in monitoring and more transparent than REITs holding diversified portfolios.
Size:
Large REITs tend to be represented with properties in many regions across the country and may be therefore more exposed to local economic shocks at different 10 If at least 90% of a REIT's properties are of the same property type we classify this REIT as the corresponding type. Most REITs are classified as being either retail (25), office (24), or residential (19) REITs.
Only six REITs were classified as industrial. A complete list of the REITs used in the empirical part is given in This idea of overreaction is supported by the fact that large REITs also experienced the strongest rebound after the crisis. Size is approximated by total enterprise value, i.e.
company's debt plus equity.
Leverage:
Although REITs rely heavily on leverage to finance commercial properties we expect the importance of leverage for risk spillovers among REITs to be somewhat lower than for financial institutions. 11 This is because financial institutions use leverage to hold each others assets in their portfolio so that in the presence of a shock, spillovers occur when financial institutions sell other institutions stocks. Still, REITs with higher leverage are associated with higher risk and are therefore more likely to react stronger to risk spillovers (see Cici, Corgel, and Gibson, 2011) . Leverage is computed as total assets divided by total book equity.
Maturity mismatch:
Companies that have the majority of their debt denominated as short-term debt are generally in greater need of cash and hence more sensitive to losses and market distress. This should be particularly prevalent in market periods where investors prefer liquidity and refinancing conditions tighten. We expect companies with a large maturity mismatch to be more sensitive to risk spillovers. Maturity mismatch is defined as [short-term debt plus debt due this financial year minus cash] divided by total liabilities.
11 The median leverage of the REITs in our sample is approximately three, i.e. two-thirds of the capital is debt. Prior to the early 2000's when REITs started to increase their leverage, REITs typically had no more than a one-to-one debt-to-equity ratio (see also Gyourko, 2009 ).
Market-to-book:
Past empirical evidence has shown that some investors tend to overinvest in stocks that have done very well in the past contributing to an overpricing of such stocks (Lakonishock et al., 1994, Griffin and Lemmon, 2002) . Similarly, it has been observed that investors tend to overreact to stocks that have performed very poorly pushing their prices below their fundamental value. Since investors eventually realize that the past performance of many REIT stocks does not prevail in the future we expect stocks with high market-to-book values to be more sensitive to risk spillovers.
Market beta:
Taking the S&P 500 composite index as the market return we use the beta of a REIT as an indication of its general stock market linkage. The stock market linkage is likely to be an important source of risk spillovers for REITs that have no direct spatial dependence. We expect firms that have high betas and thus a stronger dependence on stock market movements to be more exposed to risk spillovers.
An overview of these financial variables is given in Marshall, Nguyen, and Visaltanachoti (2012) furthermore show that more generally, low frequency measures are not suitable for capturing the underlying liquidity of an asset. We also estimated a version of Equation (4) that includes illiquidity in an interaction term with the VaR of REIT j. In contrast to the crosssectional setting that required to take the time mean over a REIT's liquidity, Equation (4) estimates the spillovers in a time-series that allows for the inclusion of the daily variation in liquidity. Our results (not shown)
were however inconclusive. Although the spillover coefficients are very close to the ones reported in Table 1, our Amihud illiquidity measure (daily absolute returns divided by volume) was only significant in 50%, 29%, and 14% of all times for volatile, normal, and tranquil periods, respectively. A further disadvantage of this approach is that the marginal spillover effects become hard to interpret as the interpretation relies on a given level of liquidity. Because of the high variability in liquidity, the usual approach of inserting the average liquidity could not be applied. 13 The distributions for the other variables look very similar. The only variable that does not indicate strong clustering is market beta. In order to be consistent we also transformed this variable into categorical form but the empirical results are similar when beta enters the model as a continuous variable.
Finally, we construct a measure of geographical distance between any combination of two REITs. This task is complicated by the fact that a meaningful measure has to be based on the geographic location of the properties that are owned by the REITs. We obtain information on the latitude and longitude of all 16,418 properties which are distributed over the 74 REITs.
Distance D is computed using the Haversine formula which gives the shortest distance over the earth's surface 14 :
where R is the earth's radius (3,959 miles), To determine the distance between two REITs, say REIT i and REIT j , we successively compute the distance of each property in REIT i to all other properties owned by REIT j in order to identify the property of REIT j with the shortest distance to the properties of REIT i . This approach follows the intuition that we are particularly interested in the presence of nearby properties which are affected by the same local economic conditions. and REIT j . To illustrate this mechanism Figure 4 shows the geographical distribution of the properties of two REIT pairs together with their calculated distance. The left graph shows two REITs with properties in very similar locations. The distance between the REITs is estimated to be 9.08 miles, the closest distance in our sample. 16 The right graph shows two
REITs with very long distances between their properties. For this particular example, the spillover estimates between the REITs with the small distance is roughly 11 times larger than the spillovers between the large distance REITs.
<<< Figure 4 about here >>>
Estimating Risk Spillovers: The Time-Series Setting
Our aim in this section is to estimate and quantify the risk spillovers between single
REITs. Hence, we do not model the return distribution but instead focus directly on the REIT's daily risk. A risk measure that will be suitable for our approach is the value-at-risk Like most firms REITs experienced losses and strongly volatile stock returns during this 16 This distance is still a multiple of the space that is investigated in the foreclosure literature (Lin, Rosenblatt, and Yao, 2009; Harding, Rosenblatt, and Yao, 2009) where the transmission mechanism of spillovers is largely visual. 17 For an overview on the accuracy of alternative VaR methods see Lu, Wu, and Ho (2009) . Liow (2008) analyzes the VaR dynamics of international securitized real estate and stock market returns using extreme value theory (EVT).
period. This alternation of different periods presents an opportunity to investigate the risk spillovers during different market states.
<<< Figure 5 about here >>>
Having defined an adequate risk measure for the single REIT, we need to model the risk spillovers between REITs. Since spillovers are not constant over time but instead change over different states of the market and depend on the financial health of a firm a suitable model needs to incorporate these conditions. Our SDSVaR model (Adams, Füss, and Gropp, 2012) , is related to Adrian and Brunnermeier's (2011) CoVaR approach. Both methods focus on modelling risk spillovers. However, our approach explicitly accounts for the response magnitude of REITs to shocks during changing conditions of financial health. The quantile regression framework that will allow us to do so was inspired by the CAViaR model of Engle and Manganelli (2004) .
For our purpose we apply a slightly modified version of the state-dependent sensitivity value-at-risk (SDSVaR) framework. The SDSVaR follows the two-step process of computing a REIT's standard VaR in a first step, and estimating the risk spillovers between two REITs in a second step.
In the first step, we estimate the VaR for each REIT m :  by extracting the conditional standard deviation from a GARCH model (Kuester, Mittnik, and Paolella, 2006 ). This will account for the time-varying volatility of returns and leads to substantial improvements in the sensitivity of the VaR to changes in the return process. 18 The VaR is 18 For most of our return series volatility responds more strongly to negative return changes than to positive ones. To capture this fact we apply the asymmetric Exponential GARCH(1,1) of Nelson (1991) with a then the estimated loss of a REIT that, within a given period (usually 1 to 10 days), will be exceeded with a certain probability  (usually 1% or 5%): 
In the second step,  m VaR now becomes the dependent variable and is modeled by its own lag, the VaR of the REIT from which the spillover originates, and some control variables Z. For instance, in terms of a shock to the VaR of some REIT j causing spillovers to another REIT i, the spillover equation is described by
The vector of control variables Z includes the absolute price changes of the general U.S. REIT market, the VaR of the Russell 2000 small cap stock index, and an indicator of economic activity. Controlling for the absolute return changes of the general REIT market helps identifying the marginal spillover effect from REIT j and ensures that the coefficient estimate is not instead measuring some general movements in the REIT market. 19 In a similar conditional t-distribution for the error terms. Our VaR model therefore does not require the returns to be normally distributed. Adams, Füss, and Gropp (2012) also computed the VaR series in Equation (1) Stevenson (2002) examined the volatility spillovers on monthly REIT returns and found small cap and value stocks to be far more relevant for REIT returns than the general S&P 500 index or growth stocks. 21 The purpose of the economic activity variable is to control for regional shocks that could cause two REITs with properties located in the same U.S. state to co-move. This variable is measured in monthly frequency for all states that accommodate the porperties of the shock receiving REIT. 22 Like the general REIT index and the small cap index, the economic activity indicator helps to separate the spillover effects from simple comovements. By including factors that may be correlated with the risk of individual REIT j the control variables also allow for a causal interpretation of the spillover coefficient 2,  .
Equation (4) is estimated in a system of two equations with the second being the equation for , , j t VaR  . The method of estimation is two-stage quantile regression. 23 Although Equation (4) could be easily estimated by OLS, the resulting spillover coefficient would be an estimate for the average risk spillover over the entire period from 06/01/2007 to generally above 0.9). Other control variables that have been found to be insignificant and are thus not included are the 3-month Treasury bill rates, the REIT CDS index, and the VIX volatility index. 20 Note the analogy to the systemic risk literature (e.g., Acharya et al., 2010; Brownlees and Engle, 2011) where it is emphasized that shocks from one financial institution to another cannot be measured in isolation.
Instead, the relationship of the entire financial system has to be controlled for. but it is the latter that introduces state dependency into the model. 25 We make the assumption that single REITs are not large enough in order to have feedback effects on the general REIT index and on the small cap stock index.
indirect effect through VaR j,t . At the same time the coefficients for the own lagged VaR (e.g., 1,  in Equation (4)) are statistically significant and therefore constitute valid instruments to identify the system (Wooldridge, 1999) . 26 Adapting the methodology from two-stage least squares to our quantile regression setting is rewarded with consistent estimates that account for the fact that the VaRs of interdependent REITs are determined simultaneously.
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We estimate the risk spillovers for all combinations of the 74 REITs, i.e.
74 73 5, 402   quantile regressions over three states or a total of 16,206 regressions. Table 1 shows the coefficient estimates of the SDSVaR model. 28 We summarize the results in each state by showing the descriptive statistics of the four coefficients.
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When the REIT receiving the risk spillover experiences calm market returns, the spillover is on average 0.023 (significant in 72.3% of all cases), i.e. a one percent increase in the VaR of REIT j increases the VaR of REIT i on average by 0.023%. Although this coefficient is significant in most of the regressions, the absolute value is relatively small. This confirms our expectation that the risk coming from spillovers is present at all times, but that it requires a shock to become activated. Hence, risk spillovers cannot be observed during tranquil market periods. During normal market times, the same 1% increase in the VaR of 26 Second lag instrument,  , 2 i t VaR  , is insignificant and including it has no effect on the results. 27 Note that in two-stage quantile regression, like in TSLS, each equation is estimated separately. The state of the market is determined by the quantile of the left-hand side variable. 28 Note that the coefficient standard errors are not only determined by the sampling error in the quantile regression framework but also by the uncertainty within the VaRs themselves which depend on the GARCH coefficients. However, the large number of regressions make bootstrapping impractical so that the fraction of significant parameters in Table 1 is derived from common asymptotic standard errors. We view this drawback to be of minor relevance since the main results in this paper are based on the cross-section of spillover coefficient estimates rather than their standard errors (see section 5). 29 The intercept and the coefficients for economic activity are suppressed. Economic activity depends on the shock receiving REIT and cannot be easily summarized in one number. However, the majority of economic activity coefficients are insignificant and, more generally, economic activity does not alter the results in Table 1. REIT j leads to a 0.047% response in the VaR of REIT i, a coefficient that although still relatively small, is twice the size of its tranquil market period counterpart. The largest shock responses, however, are observable when REIT returns are highly volatile. If the shock receiving REIT is in financial distress, the same shock leads to a spillover coefficient of 0.128%. 30 Although this coefficient may appear to be small in absolute terms, it is important to note that relevant variables such as distance, size, and leverage can further increase the spillover coefficient. Furthermore, the coefficient shows the immediate stock market response of that REIT. As we show in section 5.2 below the total response can accumulate over the trading days with a peak at around day 15. Hence, the coefficient size of 0.128 is quite meaningful economically.
Column 3 in Table 1 shows the coefficient for the t-1 lag of REIT i's VaR. The VaR appears to be strongly autoregressive with a coefficient that is close but below unity. 31 The
VaR of the Russell 2000 small cap index has a small but positive sign, indicating that an increase in risk of small cap stocks tends to increase the risk of REITs. This coefficient is significant in 20-30% of all cases. Finally, the last column shows the effect of the absolute return changes in the general REIT index. As expected, changes in returns indicate higher uncertainty in the overall REIT market which leads to a more negative (i.e., increasing) VaR of single REITs. Furthermore, the general REIT market appears to be more relevant in times of financial distress where it is significant in about 80% of all regressions.
<<< Table 1 about here >>> 30 The financial distress period is represented by the 12.5% quantile of the VaR distribution. The choice for this quantile is to some extent arbitrary. For instance, the spillover coefficient of 0.128 would increase to 0.142 if we had selected the 10% quantile, and it would decrease to 0.117 for the 15% quantile. However, the coefficient estimates do not change dramatically and the exact choice of a low quantile has no material impact on our main results. 31 The autoregressive structure in the VaR is a result from the well-known serial correlation in daily financial volatility that is captured by the conditional GARCH standard deviation , m t  in Equation (1).
Explaining Risk Spillovers: The Cross-Sectional Setting
In the previous section we have demonstrated that risk spillovers among single REITs exist and can be substantial, depending on the financial health of the REIT. The focus was thereby on measurement and quantification of spillovers. In contrast to the previous section where risk spillovers were obtained from daily time series of VaR measures, our aim in this section is to identify the main variables that determine risk spillovers over the cross-section of REITs. We are thereby particularly interested in the risk gradient which shows the risk spillover size as a function of geographical distance. We expect risk spillovers to be larger when two REITs have their properties located in the same region. In this case, property values will be affected by local economic shocks that propagate to neighboring regions such as local employment characteristics or land supply restrictions. With increasing distance, we expect risk spillovers to decrease but to stabilize at a positive value. This value reflects linkages, other than distance related, such as pure stock market linkages and financial characteristics of the shock receiving firm. Finally, we are able to explain the variation in risk spillovers through a selection of financial variables that have been found to be relevant in the systemic risk literature (Acharya et al., 2011; Adrian and Brunnermeier, 2011) . These factors complement our analysis on the impact of balance sheet variables on risk spillovers of REITs.
Empirical Results
Among our variables to explain risk spillover size we are particularly interested in the risk gradient, the function describing the relationship between spillovers and geographical distance. To allow a maximum amount of flexibility we therefore model the effect of geographical distance non-parametrically while the effects of the balance sheet regressors are modelled in the usual parametric way.
32 Thereby, the fact that geographical distance is unrelated to any of the financial variables in the model allows us to estimate the nonparametric part and the parametric part separately. 33 Panel A of Figure 6 shows the scatter plot of risk spillovers as a function of distance together with the predicted nonparametric estimate for tranquil, normal, and volatile REIT states. As expected, REITs that are in a state of financial distress experience much higher risk spillovers than during normal or tranquil periods. In addition, risk spillovers are higher among REITs that have their properties located in adjacent regions. For instance, REITs within a 60 miles distance radius have on average 33% higher risk spillovers than otherwise identical REITs with distances of more than 250 miles. For the REITs with the shortest distance (about 9 miles), risk spillovers are estimated to be roughly 0.18, i.e. a one percent increase in the value-at-risk of one REIT increases the VaR of another REIT on average by 0.18%. This risk spillover then decreases nonlinearly and spillovers remain basically unchanged for distances of more than 250 miles. The distance of 250 miles therefore seems to mark the border at which the influence of local economic effects ends and only national economic effects and general stock market linkages remain.
34
The empirical finding supports Tirtiroglu (1997, 2002) who report that regional proximity plays an important role for transmitting volatility among housing markets, and is closely related to Zhu, Füss, and Rottke (2011) , who find substantial co-movements among 32 For the nonparametric part we use the second order local polynomial regression. 33 If we include distance in the parametric model the coefficients of distance and squared distance are highly significant but the parameters of all other regressors change only marginally which confirms the validity of our approach. 34 Our results concerning the size of risk spillovers in the previous section ignored the distance between REITs and therefore can be interpreted as the spillover size for REITs with average distance. As a consequence, the coefficients at which the risk gradient remains flat corresponds to the spillover coefficients from the previous section: 0.023, 0.047, and 0.128 for tranquil, normal, and volatile levels of volatility, respectively.
Small differences between the coefficients we obtain in the nonparametric regression and the ones obtained in the time-series section are due to different methodologies and the fact that the risk gradient does not remain exactly flat after 250 miles.
regions with a distance of less than 250 miles but no evidence for co-movements for distances of more than 750 miles. 35 Since a nonparametric function yields no coefficient estimates we show the percentage marginal effects at selected points of the function in the right graph of Panel A. For instance, increasing the distance from 10 miles to 11 miles is estimated to reduce the risk spillover by 0.36%. One additional mile at a distance of 100 miles reduces the risk spillover by only 0.27% while at 250 miles the slope is flat with no effect of an increase in distance.
<<< Figure 6 about here >>>
Panel B of Figure 6 shows the coefficient estimates of the linear parametric part which explains risk spillovers by property type and the financial variables obtained from the balance sheets of REITs. As before, we distinguish between the three financial conditions. In these 
The Effect of Distance on the Dynamics and Persistence of Risk Spillovers
The risk spillover estimates from the preceding section marked the responses of REITs within the same day. However, if REITs are in fact interdependent and shocks are persistent it would seem reasonable to expect reactions to the initial shock to last over a longer time that emerged from the financial crisis. Strong deleveraging thereby might indicate that the levels were pushed well above their target leverage, leaving the REIT more vulnerable to adverse shocks. 37 In estimations that explicitly include the balance sheet variables for the risk transmitting REIT we find similar variables to be relevant for risk spillovers, notably size. The R-squared in this setting is however lower indicating that other variables are important as well. Also note that the data is not a panel so that we cannot add both, balance sheet variables of the transmitting REITs and fixed effects.
38 Note that the impact of distance from the nonparametric part equals 0.1800 minus 0.117 with the latter being the co-movement size at 250 miles distance which is determined by national economic impacts and stock market linkages.
period. In this section, we address this issue by presenting impulse response functions that show the dynamic behavior of a system of two REITs in the presence of a one-time shock to one of the REITs. As an example we consider the two companies Essex Property Trust (ESS), a residential REIT, and Kilroy Realty Corporation (KRC), an office REIT. These
REITs have their properties located in the same regions and their estimated distance is only about 9 miles. The estimated coefficients for KRC according to Equation (4) are 
For simplicity, the equations in (6a) do not report the coefficients on the control variables of Equation (4) which are exogenous and can be ignored for the estimation of the impulse response functions. As expected, the risk spillovers are high during volatile times and become smaller for more tranquil periods. The corresponding equations for ESS are 
In contrast to correlation coefficients which are symmetric by construction, the spillover coefficients are directional and asymmetric. In particular, a shock in ESS is estimated to provoke a larger response in KRC than an identical shock going in the other direction.
The lower left graph in Figure 7 shows the response of Kilroy to a one time shock from Essex for each financial state. Because of the generally high persistence in the volatility and thus in the SDSVaRs, responses accumulate and peak at about 15 trading days after the shock. If the shock receiving REIT (KRC) is in a normal or volatile financial condition, the responses are large and stay in the system for several months.
We contrast these strong risk linkages with a hypothetical situation, in which the distance between the two REITs is increased to 500 miles but all other characteristics are held constant. This approach highlights the impact of geographical proximity not only on the immediate response size but also on the short-term dynamics in the system. We use the nonparametric regression approach from the previous section which predicts that spillover coefficients in Equation (6a) would decrease to 0.25, 0.10, and 0.05 for volatile, normal, and tranquil states, respectively. Similarly, we replace the spillover coefficients in Equation (6b) by their lower estimates of 0.16, 0.07, and 0.05. The other coefficients are assumed to remain unchanged. The lower right graph in Figure 7 shows the responses for this counterfactual situation. The two REITs are now no longer linked by local economic conditions but only through stock market changes and their individual REIT characteristics. The response to changes in risk and the persistence to those changes are therefore significantly lower. After
Essex experiences a one-time shock, the responses die out quickly and vanish entirely after about 40 days.
The empirical results from this example highlight how regional proximity, in which spillover size is only about 58% higher than in the counterfactual long-distance case has substantial impact on both, spillover size and persistence.
<<< Figure 7 about here >>>
Conclusion
In this paper, we investigate the impact of geographical proximity on the risk spillovers of REITs. We obtain a distance measure by comparing the latitude and longitude information of the properties owned by the REITs. The risk gradient, a measure of spillover size as a function of geographical distance indicates large spillovers for REITs that have their properties in close distance. This function decreases nonlinearly and is flat for distances of more than 250 miles. Within a radius of 50 miles, local economic linkages cause risk spillovers to be on average 43% higher than spillovers among REITs that are more than 250 miles apart. We interpret this 250 miles range as the reach of local economic influence.
Among the firm characteristics that can explain the cross-sectional variation in risk spillovers we find leverage, market beta, and company size to be the main drivers of spillover size.
A growing literature in the area of contagion and systemic risk indicates that spillovers are particularly relevant for the tails of a risk distribution, i.e. when one or more firms are in a state of financial distress. We demonstrate that risk spillovers depend on the financial conditions of the REIT responding to the spillover. While small during tranquil periods, risk spillovers can be substantial when the responding REIT is in financial distress.
Our empirical findings highlight the importance of geographical diversification in a portfolio of REITs. If REITs are in close proximity to each other, they may individually appear to be geographically diversified but the portfolio as a whole is not. The portfolio may be exposed to spillover risk that remains hidden in calm market periods but becomes activated by a financial shock. Hence, geographic diversification should be accompanied by a measure of geographic distance between REITs. 16/2011 (956 Obs.) . We distinguish between three states of financial health (tranquil, normal, and volatile). Market states are measured by the 75%-, 50%-, and the 12.5%-quantile of the value-at-risk distribution of the responding REIT, respectively.The value-at-risk of REIT i is regressed on its own lagged value (Lag) and the VaR of REIT j (Spillover) controlling for the absolute returns of the S&P (General) U.S. REIT Index (Ret.
REIT Ind.) and the VaR of the Russell 2000 Small Cap Index (VaR Russell): 
Ret i t j t Small Cap t i t REIT Index t t VaR VaR VaR VaR
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Figure 1: Risk Sources and Transmission Channels
Panel B: Distribution of Regressor Values: Leverage
Panel A shows the descriptive statistics of the balance sheet variables used as regressors to explain the size of risk spillovers. Leverage is computed as total assets divided by total book equity, maturity mismatch is given in percent and defined as (short-term debt plus debt due this financial year minus cash) divided by total liabilities and size is approximated by total enterprise value (company's debt plus equity) and is given in billions of U.S.
dollars; market-to-book is defined as REIT's market capitalization divided by it's total book value and market beta is the REIT's market sensitivity to S&P 500 Composite Index. Panel B shows the distribution of the leverage within our sample which highlights the need to treat the financial variables as categorical instead of 
